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Synopsis of course content

We will cover some basic materials in random matrix theory (with applications to compressed sensing
and signal processing), nonparametric statistical estimation and machine learning, and problems about
the geometry of high dimensional data sets.

• Random matrices. Basic theory of random matrices, following [8]: basic concentration in-
equalities, subgaussian random variables, singular values of random matrices. Applications: to
compressed sensing theory; to numerical linear algebra (a.k.a. how to compute quickly highly
accurate low-rank approximate Singular Value Decompositions, with high probability [9]).

• Nonparametric estimation: Basic results in nonparametric density estimation and nonpara-
metric regression (e.g. following the first chapter [7]) in low dimensions. Obstructions in the
high-dimensional setting, curse of dimensionality. Applications: denoising of signals (the classic
Donoho-Johnstone paper [4] and the compressed sensing results).

• Approximation theory. A primer in nonlinear approximation of functions [3], especially for
wavelets and other multiscale approximations. Multiscale approximation of functions in high di-
mensions [2]. Attacking the curse of dimensionality.

• Multiscale Analysis in High dimensions. Multiscale geometric constructions in metric spaces,
associated algorithms and applications. Multiscale SVD and Geometric Multiresolution analyses,
and their applications to dictionary learning, regression, manifold learning, compressive sensing
[6, 1, 5].

• Optimal transport. A primer in optimal transport theory and Wasserstein metrics between dis-
tributions. Current research: multiscale approximation theory in the space of probability measures
with respect to Wasserstein metrics.
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